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Abstract 
eInstants are online gambling products, typically digitalized versions of traditional 
scratch card games. Although a small gaming category compared to slot machine 
and lottery gaming, worldwide sales have been steadily increasing during the 
2010’s.  
Payback percentage is the price of gambling game for the player. It refers to the 
percentage of revenue paid out to the players as winnings. Finding a right payback 
percentage is crucial to a business, as an ideal price provides an enjoyable gaming 
experience, while maintaining a sufficient mathematical edge for the game 
organizer. This thesis is done for a Finnish betting agency Veikkaus Oy, which is 
interested in raising eInstant payback percentages as a potential way to channel 
more gaming into these products. The thesis examines the player sensitivity to 
payback percentages in two ways: effect of gaming experience alone and effect with 
promotion.  
To test player sensitivity, Veikkaus increased the payback percentage of certain 
eInstant games. First, the players were not notified of the changes. After 26 days of 
gathering data, the players were notified of the increased payouts. The effect on 
sales was researched with regression analysis and A/B testing. The net effect on 
the game’s contribution margin was also measured. 
The increases in payout had little effect on sales, when the players were not 
informed of the changes. Statistical analysis did not indicate a relationship 
between sales and payback percentages, and the net effect on the gaming margin 
was negative. With promotion, the popularity of the games increased notably. 
However, players did not spend more money during their visits, suggesting that 
the customers simply switched from other games.  
The results have two important managerial implications. First, if the 
competition is limited, the payback percentage can be set to the lower limit of a 
reasonable product specific payout range. However, because the players clearly 
place importance on gaming value when informed about the payouts, the payback 
percentages should be competitive when players have the possibility to easily 
switch between game organizers.   
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Tiivistelmä 
eArvat ovat Internetissä pelattavia rahapelituotteita, tyypillisesti digitalisoituja 
versioita perinteisistä raaputusarvoista. Vaikka tuotekategoria on kooltaan pieni 
verrattuna raha-automaattipelaamiseen ja lottopeleihin, kansainvälisen 
markkinan koko on kasvanut tasaisesti 2010-luvulla.  
Palautusprosentti on rahapelin hinta pelaajalle. Se tarkoittaa pelin 
liikevaihdosta pelaajille voittoina maksettua osuutta. Oikean palautusprosentin 
löytäminen pelille on tärkeää rahapeliyritykselle - ideaali hinta luo pelaajalle 
viihdyttävän pelikokemuksen säilyttäen samalla riittävän suuren pelintarjoajan 
matemaattisen edun.  Tämä tutkielma tehtiin toimeksiantona suomalaiselle 
rahapeliyhtiölle Veikkaus Oy:lle, joka on kiinnostunut eArpojen palautuksen 
nostosta mahdollisena keinona kanavoida pelaamista tähän kategoriaan. 
Tutkielma tarkastelee pelaajien reaktioita palautusprosentin muutoksille kahdella 
tavalla: pelkästään pelikokemuksen kautta ja mainostamisen avulla.  
Testatakseen pelaajien reaktioita, Veikkaus nosti tiettyjen eArpojensa 
palautusprosenttia. Pelaajille ei ensin kerrottu muutoksista. 26 päivän jälkeen 
pelaajia informoitiin palautuksen nostoista. Vaikutusta myyntiin tutkittiin 
regressioanalyysin ja A/B-testauksen avulla. Lisäksi vaikutus pelintarjoajalle 
jäävään pelikatteeseen mitattiin.  
Palautuksen parannuksilla ei ollut huomattavaa vaikutusta myyntiin, kun 
pelaajille ei kerrottu muutoksista. Tilastollinen analyysi ei osoittanut yhteyttä 
myynnin ja palautusprosentin välillä, ja nettovaikutus pelikatteeseen oli 
negatiivinen. Mainostamisen kautta pelien suosio sen sijaan nousi merkittävästi. 
Pelaajat eivät kuitenkaan kokonaisuudessaan käyttäneet aiempaa enemmän rahaa 
peleihin, eli myynnin nousu oli todennäköisesti siirtymää muista peleistä.  
Tuloksista voidaan johtaa kaksi merkittävää päätelmää rahapelialalle. Mikäli 
kilpailupainetta ei tietyn tuotteen kohdalla ole, voidaan palautusprosentti asettaa 
järkevän tuotekohtaisen vaihteluvälin alarajoille. Koska pelaajat kuitenkin 
arvostavat korkeampia palautuksia tullessaan niistä tietoiseksi, on 
palautusprosentin tärkeää olla kilpailukykyinen, mikäli asiakkaat voivat helposti 
vaihtaa pelintarjoajaa. 
Avainsanat  rahapelaaminen, nettikasino, eArvat, nettiarvat, palautusprosentti 
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1 Introduction
1.1 Motivation
This thesis focuses on online gambling products called eInstants, also commonly known as
online scratch cards. While no shortage of research exists on slot machine games, lotteries
and gambling in general, previous research on player behavior specifically in eInstant gaming
could not be found.
eInstants are a relatively small product category with lots of potential for growth. Among
the member states of the European Lotteries association the 2017 sales and gross gaming
revenue were 795Me and 252Me, respectively. Growth has been quite rapid, with the
average annual growth being 17,8% between 2013-2017. (European Lotteries, annual report
2018)
The payback percentage is one of the most fundamental features of a gambling game. Es-
sentially, it can be viewed as the price of the product. For the game organizer, there exists a
trade-off: basic economic theory suggests that an increase in price should lead to a decrease
in demand. Thus, the game organizer wants to find a payback percentage which attracts
customers to play the game, while maintaining a sufficient house edge.
There exists previous research on the effects of payback percentage, with the majority of
it focusing on slot machine gaming. The academic opinion on the matter is mixed. Some
studies suggest that players do not really care about payback percentage, while others state
that it is in fact an important factor. Many previous studies have not utilized data from
actual online gambling companies. Instead, laboratory experiments have been arranged to
measure the effects of payback percentage. This study uses real life data supplied by a
Finnish company Veikkaus Oy.
1.2 The case company
This thesis is done for Veikkaus Oy, a Finnish government-owned betting agency. Before
2017, the Finnish market was divided into three different gambling companies, each offering
certain product categories. These companies were called Veikkaus, Raha-automaattiyhdistys
(RAY) and Fintoto. Veikkaus operated lottery games, scratch cards,eInstants and sports
betting businesses, RAY slot machines and table games and Fintoto horseracing. In January
2017, these companies were merged into a single company, which took the name Veikkaus
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Oy.
Veikkaus distributes all of its profits to the Finnish ministries to support education, arts,
sports, youth work, social welfare and horse racing. The mission of the company is to
channel its profits to common good, while minimizing the harm caused by gambling, such
as gambling addiction. The company classifies games into different categories based on the
perceived harm caused by them. For example, traditional lottery is classified as a low-harm
game, while slot machines are seen as having the most harmful potential. The Finnish law
limits the marketing of some gaming categories, including eInstants.
After the merger in 2017 and unification of the three companies websites, eInstant games
have faced increased internal competition from digital slot machines, which currently have
higher payback percentages than eInstants. For the company, this thesis studies the option
of increasing eInstant payback percentages as way to channel gaming into this product
category. Furthermore, even though Veikkaus operates a monopoly in the Finnish market,
in practice it is facing competitive markets online, since Finnish customers can play freely
on international online gambling sites as well.
1.3 Research questions
The research question is to define how sensitive players are to changes in the payback per-
centage. This sensitivity is examined from two different perspectives:
1. Sensitivity through gaming experience alone.
2. Sensitivity through promotion.
The first perspective is more commonly studied in academic literature. The previous research
does not agree on whether the players are able to notice differences in payback percentages.
The point of interest in this study is to find out if the increased payback percentages make
the eInstants intrinsically better by creating a more enjoyable gaming experience, which
would in turn lead to increased play.
The second perspective takes into account a promotional aspect. Payback percentages can
be used as an promotional angle and they are in fact mentioned as an important preference
factor in player questionnaires (Shoemaker & Zemke 2005) (Pfaffenberg & Costello 2001).
Promoting better payback percentages is a gambling industry equivalent to a retail business’s
discount sale campaign.
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The basic presumption is that higher payback percentages should generate more sales, as is
evident from basic economic theory - when the price of a commodity goes down, the quantity
demanded should increase. As part of a managerial point of view, this thesis examines
whether the increases in payback percentage have a positive net effect on the profits, after
winnings have been paid out to players. In other words, is the sales increase large enough to
offset the decrease in the unit margin of the game?
The effect is one way only - an increase in payback percentage. As explained earlier, it makes
no sense for the company to lower the payouts of their eInstant category. Nevertheless, if this
study finds a significant sensitivity to increases in payback percentage, then this sensitivity
should logically also apply in the opposite direction.
Sensitivity through gaming experience and promotion are tested separately by dividing the
experiment into two stages. In the first stage, players are not notified of the increases in
payback percentages. In the second stage, there is promotion informing the players about
the changes. The experimental setting is more accurately defined in section 3.1.
3
2 Definitions, literature review and hypotheses
2.1 Definitions of gambling games and terminology
The term gambling
The Oxford dictionary defines the word gamble as:
1. Play games of chance for money; bet.
2. Bet (a sum of money)
3. Take risky action in the hope of a desired result.
While this definition is quite accurate and neutral, the term gambling tends to carry negative
undertones in everyday speech. It is often associated with problem gambling, which is why
the industry tends to avoid its usage. However, other umbrella terms that would cover all
games of chance played with money do not exist in the English language. This thesis adopts
the view of the game organizer. Therefore, the term is used as defined previously in Oxford
Dictionary.
Structure of a gambling game
Ja¨rvinen (2007) defines the technical structure of a gambling game. For any gambling game
the general composition is:
1. Player places a bet.
2. Player chooses a row. A row in this context is any combination that can be the winning
result of a game, such as the right lottery numbers, soccer game ending 2-1 for the home
team etc. Note that in some instances, the row selection is generated automatically,
as is the case in slot machine games.
3. Result row is generated. This can be the right lottery numbers, result of a sports game
etc.
4. Players chosen row is compared against the result row and winnings are calculated
based on the rules of the game.
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The term ”row” is used loosely here. A row in this context can correspond to any outcome
that is either chosen by the player or automatically generated for the player as a result of
placing a bet. It can mean lottery numbers, outcome of a sports game, slot machine pattern,
roulette numbers, a Blackjack hand etc.
The result row can be either random or non-random. Lottery is an example of a game
which generates a random result row, the winning numbers. Slot machines are examples of
games with non-random result rows. In these games, the player tries to hit some predefined
patterns (result rows), e.g. five strawberry symbols with a randomly chosen pattern (player
row).
Variables used in this thesis
This thesis will mainly focus on three variables in gambling games: payback percentage,
game length and hit rate. Game length and hit rate are being used as control variables,
while the main variable of interest is obviously the payback percentage.
Game length refers to the amount of time that it takes for the player to complete a single
game. When put into the context of the structures of gambling games as defined by Ja¨rvinen
(2007), this means getting from part 1 (player places a bet) to part 4 (players row is compared
against the right row). It is a measure of the speed of a game.
The game length can vary significantly between different game types. Below are some typical
speeds for certain game categories in the product portfolio of Veikkaus:
Table 1: Approximate game speeds for different game categories
Veikkaus eInstants is a diverse gaming category that has very differently paced games. This
thesis focuses on the faster eInstants, with game speeds between 9s-38s. For games like sports
betting, length is not a very meaningful statistic, since it can vary from fast live-betting to
bets lasting almost a full year, e.g. betting on who will win the English Premier League in
2019.
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Payback percentage is the price of a gambling game. It is mathematically defined by
Ja¨rvinen (2007) as:
Payback percentage =
Sum of winnings paid to players after the game
Sum of bets made in the game
(1)
Payback percentage is also commonly called payout percentage or return to player percentage.
In slot machine gaming, the casino industry also uses the terms hold and par, which refer to
the house edge percentage (1-PB%).
A distinction can be made between theoretical payback percentage and realized payback
percentage. For example, a European rules roulette has a theoretical payback percentage of
97,3 %. This is calculated mathematically based on the probabilities of the game. Because
of variance, the realized payback percentage over a short period of time can theoretically
be anything above zero. Nights where the payback percentage is 200% or 50% are not
uncommon on a roulette table. In this thesis, payback percentage is often abbreviated as
PB%.
There usually exists an inverse relationship between game length and payback percentage.
Very slow games like the lottery usually return around 50%, whereas slot machines can have
payback percentages of 95%. This is to be expected, because a fast paced game with 50%
PB% would make the player lose his budget too quickly and would likely fail to provide an
enjoyable gaming experience. Also the probability of winning gaming session would be so
small that most players would choose not to play the game.
Game length and payback percentage can be used to calculate the hourly price of a game,
a commonly used metric in fast paced games.
a = average bet
p = payback percentage
l = length of the game in seconds
Hourly Price =
(3600 ∗ a ∗ (1− p))
l
(2)
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Hit rate
Hit rate is the probability of a player getting any win in the game. Note that this win can
be smaller than the bet size. If the player bets 1e and wins back 0,5e, the net result is a
loss of 0,5e, but this is still counted as a hit. Veikkaus eInstants have hits rates between
22% and 68%, with most games falling into the 28%-34% range.
Sales, revenue, gross gaming revenue and theoretical gross gaming
revenue
It is important for this thesis to clearly define the terms sales, revenue and gross gaming
revenue, as these terms are not uniform even inside the industry.
Sales is the sum of bets made to the game. If a player buys a lottery ticket for 2e, the
event generates 2e worth of sales, regardless of the ticket being a winning one or not. Gross
gaming revenue refers to game sales less the sum winnings paid out. In mathematical form
using the definition of payback percentage:
Gross Gaming Revenue = Sales ∗ (1− realized payback%)
Some companies use this definion of gross gaming revenue as revenue in their financial state-
ments. Others, such as Veikkaus, use sales as definition of revenue, and report gross gaming
revenue separately. For this thesis, we will use the following definitions interchangeably:
Revenue = Sales = Sum of bets made in the game
Gross Gaming Revenue = Revenue - winnings paid out
Theoretical gross gaming revenue is theoretical margin for the company generated by the
sales. Since all gambling games are designed to give an advantage to the house, this number
is always positive. For short time periods, it can be very different from realized gross gaming
revenue, but eventually realized gross gaming revenue converges to the theoretical value as
number of games played increases. It is calculated by:
Theoretical Gross Gaming Revenue = Sales ∗ (1− theoretical payback%)
In this thesis, gross gaming revenue is often abbreviated as GGR and theoretical gross
gaming revenue as TGGR. For analytical purposes, this thesis solely uses TGGR, because
it is is free from random variance generated by the game rules. Using realized GGR could
lead to false conclusions, for example in a situation where sales increases but the game
organizer loses money due to players being lucky.
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eInstant games
A relatively young gaming category, eInstant games have their roots in classical scratch card
games. They are sometimes also referred to as electronic scratch cards or online scratch
cards in the industry. The first eInstant products were simply digitalized versions of existing
scratch card games, where the player would simulate scratching the card by clicking to reveal
information. The eInstant product category has become significantly more diverse since its
early days. Today, many eInstant games of Veikkaus do not resemble traditional scratch
card games very much in terms of visuals, themes and gaming experience. The underlying
mathematical logic, however, remains the same.
Figure 1: A eInstant game based on a traditional scratch card
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Figure 2: Barpaarit game from Veikkaus, which does not resemble traditional scratch cards
Veikkaus eInstant games have 1-3 different price points that the game can be played with.
From the players view, price point is the bet size. The game usually stays exactly the same
regardless of the price point chosen, but the potential winnings obviously move in proportion
to the chosen price point.
Veikkaus website was launched in 1997 and the first eInstants were released in late 2008.
Before 2017, when the Finnish gambling monopolies merged, eInstants were one of the most
played online products of the old Veikkaus. Since their release in late 2008, and the sales
grew every year up to 2017. In 2017, after the merger of the three Finnish state gambling
monopolies, the new company started to sell all the games of the old companies. In late
2017, the company completed the integration of their websites, making all game types easily
accessible under one website. This caused some eInstant players to switch to digital slot
machines and other fast paced games. Along with the introduction of a policy in 2018 that
required all players to set their daily and monthly loss limits, eInstant sales decreased by 31
% from 2017 to 2018.
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Figure 3: Yearly sales of Veikkaus eInstant games
Mathematics of a eInstant game
Just like classical scratch card games, eInstant games have a limited batch size, the number
of cards ”printed.” This number is the maximum number of rounds that a particular eInstant
game can be played. In Veikkaus eInstants, current batch sizes are between 500 000 and
8 000 000, with the most common one being 2 000 000. Every time a game is played, it
is exhausted and removed from the batch. Thus, the game logic is exactly the same as in
traditional scratch card games, where the card is always exhausted after scratching. Note
that the different price point versions of the same eInstants are technically different products,
drawing from different batches.
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Table 2: The odds table of the Veikkaus eInstant game Viikingit, 3e price point
The odds table above is from an actual eInstant game with a price point of 3e. From the
bottom row, we can see that roughly every third game wins some prize. This is the hit rate
for an eInstant.
The payback percentage for any eInstant game can calculated as:
ci = count of winning eInstants in prize category i
wi = winning sum in prize category i
b = total batch size
p = price point
Payback percentage =
∑i
n=1(ci ∗ wi)
(b ∗ p) (3)
For the Viikingit game from the above odds table, the payback percentage would be 2 100
000e /3 000 000e = 70%
The standard deviation of the payout can be calculated from the odds table with the following
formula. Notice that this is the standard deviation of the winnings paid out, not the standard
deviation of the net effect to the player. That is, a non-winning instant takes the value of
zero, not a negative value.
Standard deviation =
√∑i
n=1(ci ∗ (wi − E[w]))∑i
n=1 ci − 1
(4)
The choices the player makes in the game do not have an effect on the outcome. In other
words, player skill is not a factor. Technically, this means that when the bet is placed, a
random eInstant is drawn from the remaining batch. The outcome is decided at this point,
and the actual game consists of the player simply revealing the hidden information.
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eInstant games tend to be relatively fast paced, although not as fast as slot machines. Note
that the games do not have a fixed length. Instead, they end after the player has revealed
all the hidden information on the screen, or cannot advance anymore within the rules of the
game. The eInstant game lengths referred to in this thesis are average lengths that it takes
for players to complete these games, calculated from the game data.
eInstant games have characteristics of both lottery games and slot machines. They resemble
slot machines because of the short game length, but often have the element of an unlikely
but potentially life changing win, like in the lotteries. The largest winning prize available in
Veikkaus eInstant games is 400 000e.
The Finnish law limits the payback percentage range that Veikkaus can offer in eInstant
games. The Lotteries Act(1414/2016) states that in electronic scratch card type games, the
players must receive on average 45%-70% of the annual game revenue as winnings. This
clause does not prohibit increasing the payback percentage of a single eInstant over 70%.
Instead, the yearly winnings paid out from all eInstants must be inside this range. Most
eInstants of Veikkaus offer around 70% payback percentage. The law also prohibits Veikkaus
from advertising eInstants. However, the company can inform players about technical prod-
uct information details, including payback percentages.
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Calculating the break even point for a an increase in payback per-
centage
The percentage sales increase needed to break even in theoretical gross gaming revenue when
increasing the payback percentage from one PB% to another can be calculated by:
Rb = payback percentage before
Ra = payback percentage after
S = sales growth % required to break even
S = (
1−Rb
1−Ra − 1) ∗ 100 (5)
Below is a table representing the break even combinations of different payback increases.
Figure 4: The percentage sales increase needed to break even with different payback per-
centage combinations
It is worth noting that the relative changes in sales required to break even are often quite
substantial. Often, over 50% increases are necessary.
Player’s bankroll
Bankroll is the players budget - how much money the player is willing or able to lose in
a given period of time. It is a spending limit that puts a cap on the demand. Bankroll
limits the gain that game organizers could potentially achieve by increasing the payback
percentage. Even if the increase would result in significant increases in sales, no extra gross
gaming revenue can be gained from players who are already maxing out their bankroll.
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The risk for a gaming business is that increasing the payback percentage would only lengthen
the time it would take for players to exhaust their bankroll, while contributing no additional
gross gaming revenue. At the same time, the operator would earn less from the players
who are not maxing out their bankroll. For Veikkaus, this could be true to some degree
considering that as mentioned before, all customers are required to set a mandatory loss and
money transfer limits for their accounts.
2.2 Generally about the previous research
For this literature review, we have to distinguish between payback percentage and other
reward characteristics of a game. Payback percentage is a simple figure that can be easily
calculated for any game. Reward characteristics refers to a larger concept, of which payback
percentage is a part of. It includes factors like the amount of near-miss situations, bonus
spins and whether the game emphasizes rare, big winnings against smaller but more frequent
winnings. Near-misses and bonus spins have been found to be factors that make slot machines
games more desirable (Habib & Dixon 2010). Nevertheless, to avoid excessive variables, near-
misses and bonus game structures are not included as variables in this study.
Little previous research exists on eInstants specifically, but traditional scratch card games
have been studied. The majority of research in payback percentages focuses on slot machines.
Can an academic comparison be made between slot machines and eInstants? Ariyabud-
dhiphongs (2011) states that ”Scratch cards are essentially slot machines on paper.” This
definition is partially correct. Although traditional scratch cards share many characteristics
with slot machines, such as relatively short game length, and a general game logic where
players try to catch certain combination of predefined symbols, they have one key difference.
Scratch cards are harder to consume repeatedly in one session, as this would entail buying
a significant amount of physical cards. Manually scratching the cards is also slow compared
to the high speed action of a slot machine. A typical gaming session consists of scratching a
few cards. Because eInstants do not share this limitation, the comparison is more accurate.
Veikkaus categorizes eInstants as casino games, whereas traditional scratch cards are placed
under lottery games.
To establish a theoretical framework for this thesis, we first go through general motivations
of gamblers and the notion of gamblers as rational actors. A great number studies have
been made about the topic, with only a proportion of them mentioned in this thesis. The
consensus is quite clear though - gamblers in general do not act rationally, as the term is
usually defined in behavioral economics.
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2.3 Why do people gamble?
It is clear that if all players were perfectly rational actors, an assumption that is often taken
by economists, nobody would gamble as the games are mathematically designed to have a
negative expected value for the player. In fact, learning about the mathematics of the games
often does not decrease gambling behavior (Williams & Connolly 2006). So, there must be
other reasons for playing.
Three main categories can be identified from the literature as motivations for gambling:
monetary, recreational and social.
Monetary reasons refer to the pursuit to win money while gambling. It is reported as
the most common motivation in some player questionnaires (Columb & O’Gara 2018). In
lottery games, characterized by extremely small probabilities of extremely big winnings, the
possibility of a life chancing win is the main driver of play. However, the importance of
monetary reasons has also been questioned (Flack & Norris 2015); (Cotte 1997).
Recreational reasons are the sense of excitement and fun that players seek by gambling.
Many players game to pass the time, escape their daily routines, look for thrills and improve
moods. Social reasons refer to the possibility to socialize with other people while playing.
These people can be other players or organizers of the game, such as casino dealers. Lottery
games are also often played in groups, where the group splits the betting fee and potential
winnings. Social aspects are often an important motivator for gambling (Aasved 2003).
Gambling can also be a way to influence ones self image and express status (Cotte 1997);
(Loroz 2004).
Different gambling products highlight these aspects differently. Lottery games (including
scratch cards), sports betting and slot machines emphasize a chance to win and the sense
of excitement, whereas table games and bingo players are motivated more by social reasons
(Lam 2007).
2.4 The rationality of gamblers - common fallacies
This section presents a brief overview of different cognitive biases that have been observed
in gambling behavior. They are not directly linked to payback percentage per se. Instead,
the point is to highlight the fact that the belief in gamblers as rational economical decision
makers should be limited.
The aptly named Gamblers fallacy (Clotfelter & Cook 1993) is one of the best known
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fallacies in understanding probability. It means incorrectly believing that the probability of
event is decreased because the event has occurred in the near past, for example believing that
that the next result of a roulette spin must land on red, because the ball has landed on black
three times in a row. The results of successive spins are of course completely independent
events. It is a common fallacy, and in fact casinos sometimes use it to their advantage by
placing a screen next to the roulette table displaying the results that occurred just before the
upcoming round, even though these results have no actual significance whatsoever. Leonard
et al. (2015) also note that other instance of this fallacy is the belief that ordered sequences
of numbers are less likely to be the winning lottery numbers than non-ordered sequences.
While this belief is indeed common, interestingly enough one of most played sequences of
all time in the Finnish lottery is in fact 1,2,3,4,5,6,7. This row is played thousands of times
every week, which is in fact another manifestation of irrationality, as if these numbers indeed
were to be the winning numbers, the winners would have to split the jackpot money with
thousands of others who have chosen these numbers.
Hot hand fallacy can be understood as the opposite of gamblers fallacy. This cognitive
bias leads players to believe that consecutive events will exhibit positive correlation. It was
first described by Gilovich et al. (1985) who analyzed basketball shooting data to study the
effect. Manifestations of this fallacy are for example the belief that sports teams that have
a winning streak will keep on winning or that a gamblers probability of a loss is lessened
because he is on a ”hot streak.” However, in sports the belief may not be as fallacious in
nature as the gamblers fallacy, because more recent studies have shown some evidence from
baseball (Green & Zwiebel 2017) and basketball (Bocskocsky et al. 2014) that the hot hand
could play a small role in these sports.
Illusion of control refers to the misguided belief that the players actions can have an effect
on random events (Dixon 2000). In gambling, this can be seen in lottery games, where
players often prefer to select their own numbers over randomly generated sequences.
In slot machine gaming, the following false beliefs are common and are all examples of the
aforementioned fallacies:
1. Two identical slot machines can have different payback percentages. In reality, all
identical machines are programmed exactly the same.
2. A particular slot machine is unlikely to give out winnings, because people have been
winning from it lately. Previous events don’t have an effect on future spins.
3. Skilled players can win from slot machines. Most slot machines do not have a skill
factor. Some slot machine games have a small skill element in them, such as certain
poker themed slots where the player chooses which cards to keep in his hand between
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the draws and tries to achieve the best five card hand possible. Even in these games,
the player can never achieve positive expected value even when playing optimally.
2.5 The effects of payback percentage in slot machines
First of all, the question is technically not whether the payback percentage affects player
behavior or not. It is obvious that the payback percentage matters to some degree when we
imagine two extreme scenarios. Think of a game with 0% payback percentage. Naturally, no
one would play this game, as it would be equal to throwing money off a cliff. Similarly, every
player would flock to play a game that returned over 100%, as it would be a literal money
making machine. The question really is whether modest changes in payback percentage
affect behavior significantly.
For slot machines, the payback percentages are usually between 85%-98%. The reason
the games can have returns as high as this is their rapid speed. If one spin takes e.g.
approximately five seconds, player can spin the slot 720 times in an hour. With this kind of
speed, even small house edges start to show fairly quickly in the hourly price.
The effect of payback percentage in slot machine gaming has been studied quite a lot in
earlier research, with conflicting results. The research can be placed roughly into two cat-
egories based on whether the data is obtained from laboratory experiments or from real
casinos. Additionally, studies usually take either a game organizers perspective or focus on
problematic gambling behavior. In this section, the most prominent studies are reviewed
and their results considered.
Coates & Blaszczynski (2013) had 52 students play two slot machines with differing payback
percentages, with option of switching machines mid play. The players were not told which
machine had which payback percentage. The two payback options were extreme, with the
low setting being 60% and the high being 120%. The study concluded that the players were
able to differentiate between the two paybacks. However, the percentages were very far off
from each other and not comparable to real life slot machines.
In another laboratory simulation study, Gillis et al. (2008) studied the reactions of two differ-
ent player groups, labeled ”high sensation seekers” and ”low sensation seekers.” The payback
percentage options were closer to real life slot machines than that of Coates & Blaszczyn-
ski (2013), 85%, 95% and 105%. In the experiment, the participants betting behavior was
similar with the two lowest percentages, but with the highest payback percentage the par-
ticipants made significantly more bets in the game, regardless of whether they were labeled
sensations seekers or not.
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Other laboratory simulations have also found evidence of non-sensitivity to payback per-
centages. Haw (2008) studied the effects of two differing payback percentages as well rate of
reinforcement (win frequency). Win frequency was found to be a significant predictor in the
slot machine choice of the participants, but payback percentage was not. Similar insensitiv-
ity with regards to payback percentage in simulations have been reported by Weatherly &
Brandt (2004) and Brandt & Pietras (2008).
Casino industry journals and magazines have suggested that increasing slot machine payback
percentages can have a positive effect on gross gaming revenue. Klebanow (2006) states that
the most important factor for customers is ”time on device” - low payback percentages
exhaust the customers bankroll too quickly, resulting in unsatisfactory experience. The
article also emphasizes the importance of good word-of-mouth resulting from looser machines
and states that frequent players are able to notice changes in paybacks, but provides no proof
for this statement. In a similar vein,Velotta (2009) states that casino customers are not able
to detect differences in payback very well, but the increased satisfaction though time on slot
machine will lead to higher customer retention.
Studies using real life data have also had mixed results. In a study using data supplied by
Norwegian state-owned gambling company Norsk Tipping, Leino et al. (2015) analyzed slot
machine data of eight different games played on the same slot machine terminal and found
payback to have a significant positive effect on the sales of the game. Lucas & Brandmeir
(2005) noted that the sum of bets in the game would naturally be expected to decrease as a
result of decreasing the payback percentage. Instead, they estimated the effects of payback
percentage on the theoretical gross gaming revenue in a real casino environment. The casino
management changed the payback percentage of slots from 95% to 92,5%. The study has
an adequate sample size - a 5 month period was compared with another 5 month period
of decreased payback percentage, while holding all other variables (slot placement inside a
casino, lighting etc.) equal. A multiple regression analysis was estimated with TGGR/day
as the dependant variable and payback percentage and standard deviation as independent
variables. The data failed to support to a significant relationship between payback percentage
and TGGR. The effect of standard deviation was found to have a significant negative effect,
but the regression as a whole was unable to explain most of the variation in the TGGR/day,
with a R2 of only 0,047.
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2.6 The effects of variance and hit rate
Two games with similar payback percentages can vary significantly in gaming experience.
Games with small variance and a large hit rate offer constant reinforcement for the player,
providing them with a sensation of a small win often. On the contrast, some games profile
themselves as more of a ”go big or go home” type, where the player loses the bet more often,
but has a chance to win big.
Dixon et al. (2006) tested with a slot machine simulation whether players prefer smaller,
more frequent wins over larger, less frequent payout and found a clear preference for the
former. The hit rates tested were 1/10 and 1/50, which are quite low compared to the
games in this thesis, which have hit rates between 1/2 to 1/4. Similar type of result was
found in Haw (2008). Lucas & Singh (2008) highlights the importance of hit frequency
over payback percentage as a predictor on time spent on slot machines, on which the casino
industry journals place importance. In the study, increasing the variation of winnings had
a negative effect on the amount of play, suggesting that players by large prefer games with
lower variance and more frequent winnings.
2.7 Perceived importance for the players
It is one thing to consider if players are able to notice changes in payback percentage and
another if they think payback percentage is important. Naturally customers prefer cheaper
prizes, and payback percentages are essentially the prices of the products. Even if players
can not reliably tell between tight and loose games, their perceived value is likely to still
have an effect on their gaming provider choice. In some countries, providers are required
by law to state payback percentages for all games, making comparison easy for informed
customers. Decreasing the payback percentages carries especially high risks, as this can be
seen as unfair behavior towards the players, if detected by the clientele.
In the casino business, customers indeed state that they place value in payback percentages,
although seldom using this exact term. In a study on Las Vegas casino visitors (Shoemaker
& Zemke 2005), ”machines pay off better” was an important factor in casino preference.
Similar results from Vegas players were reported by Lucas (2003). In a study on Indian and
riverboat casinos clientele, Pfaffenberg & Costello (2001) found that ”better odds” was the
6th most prominent in a list of 25 items of importance. These studies made no mention of
the actual payback percentages of the casinos, but almost certainly the player responses to
the surveys were not the result of a thorough comparison between different casino payback
percentages, but rather the product of the respondents mental images and personal luck
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in certain casinos. Players are more likely to return to and recommend a certain casino,
if they have been lucky and won there before (Turco & Riley 1996). As stated before,
Klebanow (2006) also mentioned a positive word-of-mouth resulting from increasing payback
percentages.
The previous research clearly suggests that the perceived prices or perceived value is a signif-
icant factor in gaming choice. The result is taken into account in this thesis, with the second
phase of the experiment measuring this effect (see section 3.1). Based on earlier research,
a notable reaction should be expected from the players when the payback percentages are
increased with promotion.
2.8 Summary of the literature review and hypotheses
The general motivations for gambling are various and can roughly be divided into monetary,
recreational and social motivations. From these categories, only the players whose main
motivational drivers are monetary reasons can be expected to pay close attention to payback
percentages. The recreational players and social gamblers are motivated for different reasons
which are not so connected to game payout as strongly.
The overall consensus of literature is quite clear - gamblers are not very rational actors, as
the term is defined in behavioral economics. Numerous rational fallacies have been observed
over the years and the informing the players about game mathematics has been shown not to
have a large effect. The result suggests that modest changes in payback percentages would
have limited effect on the behavior of players.
Other rewards factors than payback percentage have been identified in the literature, with
the most prominent one being the variation of winnings in the game, which has been shown
to have negative effect in the sum of bets made in game, as variation increases and wins
become less frequent but larger. Based on its importance, this variable is included as a
control variable in this thesis.
The results on player sensitivity to payback percentages in slot machines are highly conflict-
ing, with multiple studies supporting both sides of the argument. A slightly lesser weight
can be given on the laboratory simulations, which often have rather limited number of par-
ticipants, but even studies on real life data are not in agreement. This makes hypothesis
forming difficult. In this authors opinion, the strongest study on the topic is Lucas & Brand-
meir (2005). The experimental setting had strong real life data from a casino and sufficient
number of observations. The fact that the study controlled for the time effect, slot machine
position as well as other external factors provides a strong foundation for inference. The
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experiment is reproduced in this thesis to see if the results are similar with eInstant games.
Even though there seems to be no clear consensus on sensitivity to payback percentages,
strong support can be found for the claim that at least in the slot machine players minds,
payback percentages are important. In multiple questionnaire studies, players have placed
value on the cost of gaming. Based on previous results, a notable effect should be seen when
increases in payback percentages are done with promotion.
Forming the hypothesis on the sensitivity to changes payback percentage based on the gaming
experience is not easy because of the conflicting results in previous studies. However, some
of the laboratory studies feature extreme differences in payback percentage as well as small
sample sizes, which is why more weight is given to the results that utilize real life data, and
those studies lean towards the indication that smallish changes in payback percentages go
largely unnoticed.
Hypotheses
1. Hypothesis 1: Player behavior does not significantly change based on the isolated effect
of making a modest increase in payback percentage
2. Hypothesis 2: Payback percentage as a promotional tool will lead to a significant
change in player behavior
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3 Data & methods
3.1 The conducted experiment
The case company raises the payback percentage of certain eInstants. In total, these games
represent around 8,5% of the sales in the whole eInstant-category. With respect to the
wishes of the company, the real names of these eInstants are not used. Instead, the games
are referred to with letter-number combinations. Additionally, exact sales figures are not
revealed.
The eInstants are grouped into different categories, marked with letters A,B,C etc. Each
category consists of test and control eInstants. The test games’ PB% is increased whereas
the control games stay the same. The categories are constructed such that the eInstants
inside them have as similar speeds, hit rates and sales levels as possible.
The eInstants, their promotion dates and key figures are listed in the table below. The
naming convention is as follows: the letter refers to the eInstant category, number after the
letter is the ordinal number inside the category and finally, T or C at the end of the name
indicates if the game is a test game or a control game.
Table 3: The characteristics of the eInstants in the experiment
The increases in PB% are made by adding more smaller winnings, which occur most com-
monly in the game. Increases in the big wins-category would not contribute to the playing
experience of most players, because these wins happen only rarely. Growth in the small
winnings category fundamentally increases the hit rate of the game.
The experiment is divided into two stages. At first, the players are not notified in any
way about the increases, so possible changes in behavior happen only due to changes in the
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gaming experience itself. This will give a time window to measure the actual sensitivity to
payback percentage that occurs without any promotion. This first stage starts on 28.3.2019.
Second stage starts on 23.4.2019. This is the day when the players are starting to get notified
of the increases in PB%, which is done by promoting the increased payback-eInstants on the
company website. The games in question are lifted to a more visible position and fitted with
tags such as ”Now with increased payback percentage!” or ”More winnings available!”. The
promotion does not start on the same day for all eInstants. The exact dates are listed in
table 3. Notice that only a subset of the eInstants in questions are promoted.
Stage two is more likely to have a significant effect on eInstant sales. In this stage, most of the
possible increase will be due to the promotional effect. After the players are notified, there
is no reliable way to statistically differentiate between the promotional effect and the effect
of pure gaming experience. Thus, stage two is mainly arranged to measure the promotional
effect of increasing the PB%.
Figure 5: Timeline of the experiment
The sales data exhibits quite obvious monthly and weekly patterns, with sales declining
towards the end of the month and increasing during the weekends. For any given eInstant,
the longtime sales trend is decreasing, as the game becomes older and players are looking to
play newer games. This thesis uses sales data starting from January 1st, 2019. Older data
is available, but the declining long time trend limits its usefulness in modeling.
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Figure 6: Typical monthly sales pattern of eInstants
3.2 Presentation of statistical methods
Difference-in-differences
Difference-in-differences is an econometric technique that is perhaps best known for Card
& Krueger (1993). The study focused on the effects of a stage level minimum wage on
employment in two states, one of which raised the minimum wage and other didn’t. The
formulation here is largely based on Angrist & Pischke (2008). The technique is commonly
abbreviated as D-in-D.
The main idea behind D-in-D is to use pooled cross sectional data from different time periods
and compare the differences of the treated group vs. the control group. The figure below
demonstrates the principle:
Figure 7: Difference-in-differences principle (Angrist & Pischke 2008)
Let Treatment be a dummy variable that switches on if the observation was included in the
treatment group, After a time dummy of the observational period and Treatment·After an
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interaction term that takes the value of one if the observation was both in the second sample
and received treatment. In the context of this thesis, Treatment means whether the games
payback percentage was increased or not.
The regression form is
Y = β0 + β1Treatment + β2After + β3Treatment · After +  (6)
Interpretation:
β0 = E[Y |Treatment = 0, t = Before] (7)
β1 = E[Y |Treatment = 1, t = Before]− E[Y |Treatment = 0, t = Before] (8)
β2 = E[Y |Treatment = 0, t = After]− E[Y |Treatment = 0, t = Before] (9)
β3 = (E[Y |Treatment = 1, t = After]− E[Y |Treatment = 1, t = Before])
− (E[Y |Treatment = 0, t = After]− E[Y |Treatment = 0, t = Before]) (10)
In other words, β0 is the coefficient for the basic state (no treatment, first time period).
β1 is the effect that is solely due to the observation belonging to the treatment group. For
example, if our Treatment variable would tell if an individual received hospital treatment or
not, we would naturally expect the people who seek medical attention to be more sick to
begin with (Angrist & Pischke 2008). β2 is the time effect. The last coefficient, β3 is the
coefficient of interest that measures the actual treatment effect.
One of the requirements for D-in-D is that the compared groups must have parallel trends.
This assumption is effectively fulfilled within the control and test eInstants, which are heavily
correlated in terms of daily sales. All common OLS properties also apply. Below is a
correlation table of daily sales between 1.1.2019-27.3.2019 for eInstant categories A-F.
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Table 4: Correlation table of test and control eInstants
Forecast model for eInstant sales
The actual sales figures after stages one and two will be compared against forecasts. The
forecasts are obtained using OLS linear regression model. The independent variables are
week day number (1-7), month day number (1-31), size of the pot in the Finnish lottery and
a dummy variable indicating whether the day is a holiday or not. Big lottery pots attract
people to the website and are expected to have a positive regression coefficient.
Below are the regression results of the aforementioned independent variables regressed on all
available eInstant-sales.
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Table 5: Results of an OLS forecast model for eInstant sales
The coefficients values are not revealed due to wishes of the company. The independent
variables with the most sizable effect are WeekDayNumber and IsHoliday. Lottery pot size
and MonthDayNumber do have a significant but lesser effect. The model works very well
for forecasting:
Figure 8: Model forecast vs. actualized sales
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Prediction intervals for the forecast can be constructed with matrix algebra. With
MSERes = the mean squared error of the residuals
X = a matrix representing the independent variables used to calculate the regression
X0 = a vector of the independent variables with which we want to predict
yˆ0 = prediction given by the model
The prediction interval is calculated as follows:
yˆo ± tcrit ∗
√
MSEres(1 +XT0 (X
TX)−1X0) (11)
A/B testing
Even though A/B testing can’t be used in stage one because the company must offer the
same payback percentage for all players, it can be utilized in stage two. An A/B test is
performed on the game E1-T - the promotional banner is shown for randomized test group
B and not shown for randomized player group A. The offered payback stays the same for
both groups, but promotion is shown only for group B. To test the casino industry claim
that higher paybacks lead to increased overall customer level sales during the casino visit,
customer level sales are measured for both groups during a 3-week time period in three ways:
sales/customer of the eInstant E1-T, sales/customer of the whole eInstant gaming category
and finally, sales/customer of all products on the website.
The customer level sales data does not follow a normal distribution but instead a log-normal
distribution. The distribution is skewed and has a long tail, with most players being small
time bettors. With Bayesian statistical analysis, mean and standard deviation parameters for
the log-normal sales distributions are estimated from the posterior distributions for groups
A and B. Normal distribution is used as the prior distribution for the parameter values. The
exact parameter values are confidential and are not revealed here.
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(a) Sales (b) Natural logarithm of sales
Figure 9: eInstant customer level sales distributions
Methods used in stage one
For stage one, an ideal setup to test sensitivity to changes in payback percentage would be
to A/B-test randomized test and control customers groups, where the test group would get
to play the games with increased payback percentage. Unfortunately, as stated in previous
section such as experiment can not be run for this thesis, because the payback percentage
has to be the same for all players. Lacking adequately constructed randomized groups, no
statistical inference can be made with the A/B-testing framework.
Four different statistical analyses will be carried out in stage one:
1. A simple comparison of the changes in sales and TGGR before and after the increases
in payback percentages
2. Repeating the regression of Lucas & Brandmeir (2005)
3. Difference-in-differences regression
4. Comparing the realized sales time series against the forecast model
A similar regression analysis as in Lucas & Brandmeir (2005) will be carried out. The study
used TGGR/day as dependent variable and standard deviation and payback percentage as
independent variables. Two observations were recorded for each slot machine, one before
the increase in PB% and one after the increase. Additionally, this thesis includes game
speed as a independent variable. Because standard deviations are not readily available for
all eInstants, hit rate is used as a replacement. For this regression, we abandon the eInstant
grouping described in section 3.1 (A1-T, A2-C etc.) and instead run the regression on all
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available eInstants offered by Veikkaus to keep the experimental setting similar to the original
study.
Methods used in stage two
Methods used to analyze stage two are as following:
1. A simple comparison of the differences in sales and TGGR before and after the increases
in payback percentages
2. Comparing the realized sales time series against the forecast model
3. A/B testing
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4 Results
4.1 Stage one results
Changes in sales and TGGR
Compared to the earlier period of 25.2.2019-22.3.2019, the sales and TGGR of the entire eIn-
stant gaming category decreased during stage one (28.3.2019-22.4.2019). Sales decreased by
-7,1% and theoretical GGR by -7,9%. In the eInstants with the increased payback percentage,
sales stayed roughly at the same level and TGGR decreased by -17,3%. The smallish sales
lift was not enough to offset the decrease in TGGR margin. The control group experienced
a -10,8% decrease in both sales and TGGR.
Table 6: Changes in sales and theoretical gross gaming revenue during stage one
The following graphs present the sales and TGGR changes in the eInstant categories defined
in table 3.
Figure 10: Stage one results for categories A and B
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Figure 11: Stage one results for categories C and D
Figure 12: Stage one results for categories E and F
Comparing the test eInstants to their control counterparts, it can be seen that in all cat-
egories, the test games performed better in terms of sales. This effect was not completely
consisted, as the test game E2-T did not fair any better than the control game. TGGR effect
was negative in all test games except B1-T, which managed to just break even.
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Replay of Lucas & Brandmeir (2005) regression
A similar regression analysis was run to that of Lucas & Brandmeir (2005) with the depen-
dant variable being TGGR/day. The standard deviations were not readily available for the
eInstants, so hit rate was used instead in their place. Additionally, game speed and price
point were used as control variables. Price points typically have explanatory power on sales,
as most players tend to prefer the low price point versions of the eInstants. The regression
was calculated from all available eInstants. 130 observations were recorded for two time
periods, resulting in total count of 260 observations. Below are the regression results.
Table 7: Results of the replay of the Lucas & Brandmeir (2005) regression, with TGGR/day
as the dependant variable
The results were very similar to the original study. The regression had very low R2, only
0,054. The payback% variable was statistically significant, but had a negative sign. The
result is consistent with the changes in TGGR (figures 10-12) - the increases in payback
percentages did in fact cause a decrease in TGGR. The price point-variable also had opposite
sign than expected. Speed and Hit Rate had relatively small coefficient values, suggesting
limited impact.
Based on the result, an additional regression was ran, this time with sales/day as the depen-
dant variable. When regressed on sales, the significance of the Payback% variable disappears.
The sign of the variable is still negative, which is against theory.
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Table 8: Results of the replay of the Lucas & Brandmeir (2005) regression, with sales/day
as the dependant variable
The results of the regression are quite underwhelming and do not support the notion that
payback percentage alone has a significant effect on sales. The weakness of this regression
setup is that it might miss some key variables and external events, which occur between the
time periods. The difference-in-difference estimation will solve this problem, because it takes
into account all external effects in the difference calculation, assuming the trends of test and
control groups are parallel.
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Difference-in-differences
Difference-in-differences regression was run on all test and control eInstants, as described in
table 3. Every price point was treated as an individual observation. The total number of
individual price points was 21. After observing the sales for two periods, the total number
of observations was 42. The Treatment-variable is a dummy that takes the value of 1 if the
games PB% was increased and the value of 0 if it was not.
Table 9: Results of the difference-in-difference regression
The regression was able to explain only 3% of the variation in the sales. None of the
independent variables was significant at α = 0.05 level, expect for the intercept. The
coefficient that measures the actual effect of the raise in PB%, TreatmentAfter, has a positive
effect as expected, but is far from significant.
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Actualized sales vs. forecast
The following graph contains the actualized sales, forecasts as well as 95% prediction intervals
for all test eInstants that had their payback percentages increased for stage one.
Figure 13: Stage one test eInstants sales vs. forecast
From 28.3 onwards, the actualized sales are well within the 95% prediction interval, follow-
ing the forecast quite closely. Even though the sales of the test eInstants increased when
compared to the control games (figures 10-12), the increase does not differ from the forecast
in a statistically significant way. Based on the accuracy of the forecast in earlier data (figure
8), the data does not support the notion that the additional winnings paid out caused a
notable change in player behavior.
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Stage one summary
Phase one measured only the effect on the gaming experience, as the players were not notified
of the increases in payback percentages. When comparing the changes in sales of the test
games against the control games, a positive effect in sales can be seen especially in games
with bigger increases in payback percentage, such as B1-T and D1-T. This effect is likely
due to players with limited bankrolls being able to play longer sessions in the increased
PB% games longer because of increased winnings, as well as the reinforcement effect of the
increased hit rate. However, the effect was not particularly strong, as the sales levels are
well within the 95% prediction interval.
In all but one eInstant, the increases in sales were not large enough to offset the decrease in
the TGGR-margin - TGGR decreased in almost all of the eInstants with increased payback
percentage. Thus, based on the direct effect on the product in questions, the data does not
support raising payback percentages based on the gaming experience alone as an effective
way to increase TGGR.
A replay of the regression in Lucas & Brandmeir (2005) provided very similar results to that
of the original study. When regressed on TGGR/day, payback percentage was found to have
a statistically significant negative effect, a result that is consistent with the overall changes
in TGGR during stage one. The effect on sales was not statistically significant. Difference-
in-differences estimation gave similar results, giving more credence to the hypothesis that
payback percentages cannot be reliably noticed by the players, at least in this PB% range.
Based on the results, payback percentages alone are a weak determinant of the popularity
of the game. Other factors such as game rules, theme, visuals, sounds etc. seem to have a
greater effect on sales, but these variables are hard to quantify.
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4.2 Stage two results
No technical changes were made to the eInstants after the initial increases in payback per-
centage. Every week one eInstant was lifted into a visible position on the website and fitted
with a promotional banner, such as ”Now with more winnings!”
Changes in sales and TGGR
Not all test eInstants experienced promotion, so only the ones that were promoted are
displayed here. The promotion start dates were different for different games, so the earlier
time period against which the change was measured was different for each eInstant group
(F,E etc) in order to control for the monthly time trend (figure 6).
Figure 14: Stage two results for groups B and D
”
Figure 15: Stage two results for groups E and F
All promoted games had a notable increase in sales. The sales lift was enough to offset the
decrease in TGGR margin, and the TGGR effect was positive in all test eInstants. The
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control eInstants experienced a slight decrease in sales and TGGR. This might partly be due
to cannibalization effect - players moved their playing to the promoted games.
Actualised sales vs. sales forecasts
The following graph presents the actualized daily sales, sales forecasts as well as 95% predic-
tion intervals for the games that received promotion since the beginning of the promotional
period, starting from the day of the first promotion, from 23.4.2019 until 30.6.2019.
Figure 16: Stage two test eInstants sales vs. forecast
The increase in sales is statistically significant, as it exceeds limits of the 95% prediction
interval for all days. Thus, when measured on game level sales, the promotion had a clear
and significant effect.
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A/B testing
To study if the increase in payback percentages causes an increase in sales not just in the
increased eInstant, but in the whole eInstant category as well as the whole website, an A/B
test was conducted. Players typically play many different games in one session, so looser
games might contribute to the playing experience on the whole session level, resulting in the
players betting more.
The following figures present the posterior distributions for the log-normal mean, standard
deviations and medians in groups A and B. Orange color symbols the control group and blue
color the test group. In the difference in means-figure, if both vertical lines are within the
turquoise area, the difference in means is within the 95% credible interval. The number of
iterations in the Monte Carlo simulation used to estimate the posterior distributions was set
to 124 000.
Sales of the eInstant E1-T
(a) Mean (b) Difference in means
Figure 17: Posterior distributions of the mean parameter of sales of eInstant E1-T
40
The mean parameter was higher for the test group, but the result fell just short of being
statistically significant at α = 0.05 level. The result is somewhat at odds with the overall
sales increase of the eInstant E1-T (+92,9%), as seen in figure 15. One possible explanation
is that the promotions of other eInstants, which were visible to both groups at the same
time, increased the sales of control group A as well, even though they did not see the specific
banner of eInstant E1-T.
(a) Median (b) Standard deviation
Figure 18: Posterior distributions of median and standard deviation parameters of eInstant
E1-T sales
The median parameter of test group B was notably higher than that of the control group,
but the standard deviation was slightly lower. This result gives a strong indication that the
sales increased more in the segment of customers who do not play as much to begin with,
but the players who usually play more did not change their behavior as much. This could
be due to the mandatory stop loss-limit the company enforces.
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Sales of the entire eInstant product category
(a) Mean (b) Difference in means
Figure 19: Posterior distributions of the mean of all eInstant sales
Both groups had very similar distributions of the mean parameter. The test group actually
had slightly lower mean, but this result is likely due to random variance. All in all, the result
does not support the notion that playing a game with increased PB% results in increased
play on a customer session level.
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(a) Median (b) Standard deviation
Figure 20: Posterior distributions for median and standard deviation parameters of all
eInstant sales
Differences in median and standard deviation were similar to figure 19, although the dif-
ference in medians was not as notable. A similar deduction can be made - the small time
players increased their play more than the big time players.
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Sales of all products on the website
(a) Mean (b) Difference in means
Figure 21: Posterior distributions of the mean of sales of all products on the website
The distribution of the mean parameter of sales of all games was very similar to that figure
20. Again, the test group had a slightly lower value.
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(a) Median (b) Standard deviation
Figure 22: Posterior distributions for median and standard deviation parameters of sales
of all products on the website
This time, the median and standard deviation parameters both were lower for the test group.
The result is due to randomness, since it makes no sense that a promotional banner would
actually result in lower sales. The conclusion is that the increase in PB% did not result in
players betting more overall on a session level.
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Stage two summary
Stage two measured the player sensitivity to increase in payback percentages as promotional
tools. Three types of statistical analyses were conducted: a simple comparison in sales and
TGGR before and after the promotions, comparison of sales after promotion against a sales
forecast and finally, A/B testing a promotional banner of one of eInstants with increased
payback percentage.
A simple comparison of sales and TGGR revealed that the the promotion had a notable
effect in both. Sales increased enough in the tested games to make the net effect on TGGR
positive. Game F1-T, which was the first to receive promotion, had the largest increase in
sales, over 250%. The control games sales went down slightly, which might be partly due to
cannibalization effect.
The overall sales of the tested eInstants easily surpassed the time series sales forecasts, which
were calculated from earlier data with linear regression. The actualized sales were higher in
a statistically significant way, being over the 95% prediction interval.
The A/B test did not indicate a positive effect on the sales of the entire eInstant gam-
ing category or sales of all games offered on the website. Even though the sales went up
for the games which received promotion, this increase was most likely just the result of a
cannibalization effect, with play shifting from other games to the ones that had promotion.
The result confirms the hypothesis based on the literature review that players place value
on payback percentages, even if their ability to detect them without promotion is limited.
The observational period was not long enough to thoroughly establish how long lasting this
promotional effect is, but an earlier experiment by the company suggests that the effect
could be relatively lengthy (See appendix A).
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5 Conclusions
5.1 Discussion on the results
The results of stage one were in line with hypothesis 1 - the sensitivity to changes in payback
percentage was low and resulted only in minor changes, none of which were large enough to
make the change in TGGR positive. The linear regression formulated after Lucas & Brand-
meir (2005) as well as the difference-in-difference estimation failed to support a significant
relationship between payback percentage and bets made in the game. The actualized sales
time series trailed very closely to the forecast that was calculated from earlier data before
the increases in payback percentages were made. Overall, the data does not support the
claim made by some studies that the players are able detect to changes in payback based
on gaming experience alone, although the increases in this study were modest compared to
certain previous experiments, where the differences in payback percentages were much more
drastic and thus, easier to notice.
It is likely that if modest changes in payback percentage affect betting behavior, the effect can
only be seen after a significant number of games games played. This amount is probably too
great for any player to realistically achieve in normal playing circumstances, likely requiring
thousands of games played. The players’ realized payback converges around the theoretical
payback as N increases. As the difference in payback percentages becomes larger, the number
of rounds required for the players to take notice becomes smaller. Not by accident, the
games that had the largest increase in payback percentage also experienced the largest sales
increases during stage one, although this effect was not remarkable.
The change in player behavior was notable after the promotion of increased payback per-
centages started, confirming hypothesis 2. The message of lower prices and better gaming
value clearly resonated with the players. The sales lift was readily large enough to make the
effect in gross gaming revenue positive as well, despite the decrease in unit margin. However,
based on the results of the A/B test, the players did not spend more money on the whole
during their visits, but instead shifted their play from other games, resulting in net neutral
effect in TGGR. This result might be due to the mandatory stop loss limits enforced by the
company - the players monthly bankrolls are already set, making overall increase in GGR
more unlikely.
The observational time period after the promotions started lasted only two months, not
giving enough time to thoroughly observe the long run effect. At the end of the observational
period, both sales and TGGR of promoted games were still at higher levels than before. In
an earlier experiment by the company in 2018 (See Appendix A), the effects were quite
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resilient, with TGGR declining to its trendline level only after a year.
5.2 Implications for the company
The company wanted to find out if increasing eInstant payback percentages is an effective
way of making the game category more competitive against digital slot machines and to
channel gaming to the eInstants. Stage two results support raising paybacks with promotion
as an efficient way to achieve this.
Stage one results indicate that payback percentage is not among the most important elements
in determining the customer response a game. In game design, more weight should be given
to aspects like game mechanics, theme, sounds, visuals and differentiation from existing
games. Because of the low player sensitivity to changes in payout based on the gaming
experience alone, if pressure from competition in a certain product category is limited, the
payback percentage can be set to the lower limit of a reasonable product specific payout
range. However, as the players clearly placed importance on the perceived gaming value, it
is important to ensure that the payback percentages are competitive when facing competition
from rival game organizers.
To have a sizable channelling effect, the company could go ahead and raise the payback
percentages of all eInstants in their product portfolio with promotion, although this would
first require an amendment to the Finnish Lotteries Act (1414/2016). Based on the effects
in net TGGR during stage two, the risk of a negative end result in profits is not sizable,
although the total GGR/customer is unlikely to increase either.
Another, more conservative possibility would be to make a few increases and wait some time
before making the next ones. Based on earlier experiment (Appendix A) and the time series
of the first eInstant to be promoted in this experiment, the promotion seems to have the
strongest effect during the first 3-5 months. The time period between promotions could be
set to match this.
An interesting side remark is that at the time of finishing this thesis, Veikkaus raised payback
percentages of most of the slot machines in Casino Helsinki. While outside the scope of this
thesis, if the effects are promising, the result would give more support to the proposition
that offering higher payback percentages is a good move from a managerial perspective.
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5.3 Limitations and future research
The eInstants chosen for the experiment represented a rather small portion (8,5%) of the
whole eInstant category sales of the company. This fact complicates the estimation of overall
effect on sales across the whole website, as only a portion of players happen to play the games
included in the experiment. To estimate the true effect conclusively, a larger portion of the
eInstant category could be experimented with.
Because of legislation and company rules, it was not possible in this thesis to conduct an
A/B study on the effects of payback increase in stage one (no promotion), as the offered
payback mathematics had to be similar for all players. Testing this would be beneficial in
future research to see if increased winnings intrinsically leads to longer playing sessions and
an increase in sales and/or customer retention. Participants could be randomly assigned to
test and control groups, one of which gets to play the same games with higher payback than
the other group. However, the experiment might have to be performed in a simulated setting,
because essentially price discriminating certain players could lead to customer dissatisfaction.
This study featured mostly modest changes in payback percentage. In future research, more
sizable differences could be experimented with to find a possible threshold where players
start clearly noticing changes in gaming experience. For example, what would be the effect
if the eInstant payback percentages would be raised to the same level as slot machines, say
95%. Such a remarkable increase would be much more unlikely to go unnoticed even if no
promotion was used. On the other hand, the net effect on the GGR might well be negative,
because as noted in section 2.1, higher paybacks usually go hand in hand with faster game
speeds. It’s possible that eInstant game lengths are not fast enough to support this kind of
payback percentage.
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Appendices
A
In an earlier experiment with a single eInstant from 2018, the company made a significant
increase in the payback percentage with promotion. Below is the effect on the theoretical
GGR. It took approximately one year for the theoretical gross gaming revenue to revert back
to the trendline level.
Figure 23: Earlier experiment in raising payback percentage from 2018
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